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Abstract—This paper presents improved results on classifying electroencephalography (EEG) recordings using deep
learning. The task is to classify movements that the subject
is thinking about (motor imagery), using only the recorded
electrical activities on the scalp. The challenges are: poor
signal-to-noise ratio; interference from numerous sources such
as electrical line noise, muscle activity, and eye movements;
considerable variability between individuals and even recording
sessions. Traditional signal processing techniques such as frequency band analysis, common spatial pattern (CSP) algorithm
or independent component analysis (ICA) fall short due to their
limited capacity. Thanks to the rise of big data in healthcare,
medical recordings now come in abundance. Therefore deep
learning which relies on large amounts of training data is
becoming the new cutting edge tool. We present a significant
improvement of classification accuracy on the Brain-Computer
Interfaces Competition IV dataset (2a), and compare the results
of various state of the art neural network structures.
Keywords-EEG; deep learning; BCI Competition IV; motor
imagery;

I. I NTRODUCTION
EEG based systems have gained popularity in clinical
applications due to their advantage of being non-invasive.
They enable paralyzed patients to communicate and control
robots. However, their effectiveness is limited by many
daunting challenges such as a low signal-to-noise ratio and
strong interference. Traditional methods such as frequency
band analysis [1], ICA [2], and CSP algorithm [3] are
susceptible to such interference and therefore difficult to
achieve good accuracy.
Recently, with the increasing abundance of data, deep
neural network (DNN) fits in as an end-to-end model that
does not require any handcrafted feature or feature selection.
Convolutional neural networks (CNN) have been successfully applied to image classification tasks [4], achieving
better results than human beings. Recurrent neural networks
(RNN) such as Long Short Term Memory [5] have the ability
to capture long-term dependencies. A combination of CNN
and RNN across multiple input modalities with compressing
ability has been exploited to improve the results of classification tasks and regression tasks [6], [7]. Therefore, the
availability of EEG data has tempted many researchers to
use DNN. For the BCI Competition IV dataset 2a, there
are 4 classes, 25 channels, 250 samples per second and 3
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seconds per trial. Existing work mostly applies CNN directly
on the “image” of size 25 by 750. Although using CNN
[8] indeed achieves better accuracy (73.7%) than traditional
signal processing techniques (68.0%), our improved data
processing and DNN structure can yield significantly better
classification accuracy (81.1%).
II. R ELATED W ORK
The BCI Competition IV [9] winner and several top
teams all adopt CSP algorithm on bandpass-filtered data
to generate features, and then use SVM, LDA or Bayesian
methods to train a classifier. Their best accuracy is 67.7%.
Ang et al. [10] propose FBCSP method which enhances
the performance of the original CSP algorithm by performing autonomous selection of discriminative subject-specific
frequency range for band-pass filtering, which yields an
accuracy of 68.0%.
More recently, [8] proposes the combination of a shallow
2-layer CNN and a deeper 5-layer CNN model, which
achieves an accuracy of 73.7%. While [8] outperforms
the FBCSP method, it also shows that the more advanced
residual networks [11] do not yield as good accuracy as
shallow CNN, possibly due to limited data size. In our
work, we add a fully connected (FC) layer before CNN
projecting the 25-channel input non-linearly onto a slightly
larger dimension, which leads to much better results.
Some papers divide the whole trial into several frames
and use RNN to connect the output of each frame, which
is similar to DeepSense [6]. We compare with a similar
DNN structure called CNN+RNN that applies CNN to each
frame, and then applies RNN (GRU) to the output of
CNN to learn the cross-frame relationship. Another recent
RNN model is Clockwork RNN [12], where the hidden
recurrent units are divided into different groups, each being
updated in a different frequency. The Clockwork RNN has
shown to be able to capture both short term and long term
temporal relationships. We implement an improved version
of Clockwork RNN on top of CNN (called CNN+CW)
and show that its performance is comparable to traditional
methods but not so good as our best CNN model (named
CNN++).

III. D ESIGN
A. Dataset overview
The dataset contains 2592 training and 2592 test recordings of 4-class motor imagery (left hand, right hand, feet,
tongue) from 9 subjects, each performed 576 trials. The raw
recordings are from 22 EEG channels and 3 EOG channels,
sampled at 250 Hz. The recordings are bandpass-filtered
between 0.5 Hz and 100 Hz, and an additional 50 Hz notch
filter is applied to suppress power line noise.
B. Data processing
We first apply band-pass filter with frequency between
1 Hz and 40 Hz. Then we down sample the recordings
to reduce sample rate from 250 Hz to 125 Hz, while
at the same time double the data size. We do not apply
data normalization since we observe that un-normalized
recordings yield about 1% better accuracy. We do not apply
data augmentation such as adding noise because it did not
improve the performance probably due to already low signalto-noise ratio. After pre-processing, there are about 5184
3-second training trials.
C. Neural network models
We propose our CNN++ model and compare
with CNN+RNN and CNN+CW models. We use
conv([Ni , H, W, No ], [Sh , Sw ]) to denote a convolutional
layer with Ni input channels and No output channels
(filters), with filter size (H, W ) and stride (Sh , Sw ). And
pool([H, W ], [Sh , Sw ]) denotes a max pooling layer with
window size (H, W ) and stride (Sh , Sw ).
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CNN++ structure.

1) CNN++: We call our model CNN++, which consists
of 5 CNN and max pooling layers with an input fully
connected (FC) layer as shown in Figure 1. Common
Spatial Pattern (CSP) algorithm linearly projects the input
channels onto fewer channels so that the features (e.g.
signal variance) of the projected channels between different
classes are the most distinguishable. Inspired by CSP,
we find that a simple input FC layer that projects 25
channels into 30 channels works the best. The projected
input of each trial has size 30×375, which is then
fed to the convolutional layers. The first CNN layer

1710

applies conv([1, 1, 15, 60], [1, 3]) and pool([1, 2], [1, 2]).
The second layer applies conv([60, 1, 4, 60], [1, 2])
and pool([1, 2], [1, 2]). The third layer applies
conv([60, 30, 1, 60], [1, 3]) without pooling. The fourth layer
applies conv([60, 1, 3, 90], [1, 1]) and pool([1, 2], [1, 2]).
The last layer applies conv([90, 1, 3, 120], [1, 1]) and
pool([1, 2], [1, 2]). The output is followed by a FC layer
with output dimension 95. Finally a softmax layer is added,
yielding the probability of the 4 classes. All convolutional
layers have dropout [13] with probability 0.5 and also batch
normalization [14].The activation function is Exponential
Linear Units (ELU).
2) CNN+RNN: The input trial of 375 time steps is
divided into 5 frames, each containing 75 steps. We apply
the same input FC layer as our CNN++ model. The
convolutional filters are shared among all the frames, where
each frame has size 30×75. We found that recurrent layers
can increase the likelihood of overfitting, so after tuning
we adopt slightly few filters for each layer. The first layer
applies conv([1, 1, 6, 40], [1, 1]) and pool([1, 2], [1, 2]).
The second layer applies conv([40, 1, 4, 40], [1, 1])
and pool([1, 2], [1, 2]). The third layer applies
conv([40, 30, 1, 60], [1, 1]) without pooling. The fourth layer
applies conv([60, 1, 3, 80], [1, 1]) and pool([1, 2], [1, 2]).
The last layer applies conv([80, 1, 3, 80], [1, 1]) and
pool([1, 2], [1, 2]). The output of the 5 frames are fed to a
2-layer GRUs [15] with hidden dimension 80. The average
of the hidden states from 5 frames are followed by a
softmax layer. Dropout and batch normalization are applied
to both CNN and RNN layers.
3) CNN+CW: The input of size 25×375 is projected
to size 30×375 by a FC layer. A 4-layer CNN and max
pooling are applied. To prevent overfitting, we use fewer
filters. The first layer applies conv([1, 1, 6, 20], [1, 1])
and pool([1, 2], [1, 2]). The second layer applies
conv([20, 1, 3, 20], [1, 1]) and pool([1, 2], [1, 2]). The
third layer applies conv([20, 30, 1, 20], [1, 1]) without
pooling. The fourth layer applies conv([20, 1, 3, 20], [1, 1])
with no pooling. The output is a 1×90 “image” with depth
20, and is reshaped to 20×90. Then a Clockwork RNN is
applied.
Clockwork RNN [12] is essentially a simple recurrent
network but has its hidden cells divided into multiple groups,
each being updated with a different period. For example, if
there are 200 hidden units and 5 groups, then each group has
40 units. The update period of each group is exponentially
increasing, i.e., the first group updates every 1 time step,
the second updates every 2 steps, the third every 4 steps,
the fourth every 8 steps and the fifth every 16 steps. By
updating at different clock rates, it can capture both long
term and short term relations. The original work divides
the hidden units into equal-size groups, we found that in
our case, having more units into faster groups yields better
results. So we divide 200 hidden units unequally into 6

groups, with updating period 1, 2, 4, 8, 16, 32. The 6 groups
have size 76, 38, 38, 19, 19, 10. The final state of the 200
hidden units are connected to a FC layer of size 100, which
is then followed by the softmax layer. Dropout and batch
normalization is applied to only the CNN part.
IV. E XPERIMENTS
We use the same training configuration for all models,
where softmax cross entropy is the loss function and L2
regularization is applied. The number of epochs is 100,
and batch size is 50. We use RMSProp optimizer with
exponentially decaying learning rate from 0.01 to 0.001. The
testing results are shown in Table I.
Table I

C LASSIFICATION ACCURACY ON TEST DATA .
CNN++
81.1%

CNN+RNN
69.1%

CNN+CW
68.0%

Previous best [8]
73.7%

From Table I we can see that CNN+CW achieves the
same accuracy as the baseline FBCSP [10] method, while
both CNN+RNN and CNN+CW yield less accuracy than
pure CNN models (CNN++ and previously best).
In addition, without input FC layer, all three models show
around 3% lower accuracy. It is because the input non-linear
projection automatically learns the spatial patterns as CSP
algorithm does. The difference is that CSP maps the input
channels onto much fewer channels, while the FC layer maps
to more channels (30 in our case).
Another observation is that RNN is not necessarily a good
practice. In our dataset, the trials are only 3 seconds long, so
there is really not much “long term” relations to learn. On
the other hand, CNN can learn the local time and frequency
features while at the same time learn more abstract features
in higher layers which covers more time steps.
V. C ONCLUSION
This paper presents an improved version of CNN model
that yields 13.1% higher accuracy than the best traditional
signal processing method called FBCSP, and has 7.4%
higher accuracy than the existing best deep learning based
method. We also implement other two state of the art recurrent network models and compare with their performance.
We find that by adding an input fully connected layer and
using only CNN lead to the best result.
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